INTRODUCTION
Biomedical imaging aims at visualizing structural or functional information necessary for medical research and clinical diagnosis. Each imaging modality can provide images of one particular physical, physiological, or biological distribution. Multi-modality medical imaging technique is to combine multiple imaging modalities into one hybrid imaging system, such as PET/MRI, XCT/MRI, DOT/MRI and DOT/XCT, BLT/DOT/XCT, etc.. Multi-modality including bi-modality medical imaging technique is to combine multiple imaging modalities to offer significant diagnostic advantages that cannot be achieved by a single modality.
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JbmIR can be achieved by using iteratively model fusion with an appropriate image similarity measure of structural information in certain feature space for images of the underlying modalities [1] . For image reconstruction, feature reconstruction [2] provides the possibility for directly addressing structural information on features like image edges, but has not yet been used for joint multi-modal image reconstruction. The structural information of images in JbmIR process is built up progressively during the joint reconstruction process and applied reciprocally among images of underlying modalities.
Image edge is the fundamental representation of structural information of image [3] . In this work, we derive an image similarity measure of image edges from Tversky's theory of feature similarity in psychology and apply it to the JbmIR for DOT and XCT.
The structure of the paper is as follows. In § 2 we derive an image similarity measure of image edges. We propose our method for JbmIR and its heuristic Γ-approximation in § 3. In § 4 we apply the method (JbmIR-MS) to XCT and DOT JbmIR and perform numerical experiments compared with single modal image reconstruction with the MumfordShah (SmIR-MS) regularization. We discuss the results and conclude this paper in § 5.
SIMILARITY MEASURES FOR IMAGE EDGES
Many similarity measures explain similarity (or dissimilarity) as a metric. However, the metric axioms are unnecessarily stringent and can be inconsistent with a number of psychological experiments. In Tversky's paper [4] , without treating similarity as a metric, the author proved mathematically that feature similarity measures must be of the following form:
where A and B denote the sets of binary features associated with the objects a and b, respectively, γ 1 and γ 2 are nonneg-ative constants. p is an additive function. This representation is called the feature contrast model. For 2D images u i , a natural choice for the measure p of image edge sets K i is the 1-dimensional Hausdorff measure H, or the length of image edges. Therefore, we obtain,
This similarity measure of image edges is closely related to the Mumford-Shah regularization functional [5] . Higherdimensional Hausdorff measures can also be used in (2) for higher-dimensional images [6] .
JBMIR BASED ON IMAGE EDGES AND THE VARIATIONAL APPROXIMATION
The Mumford-Shah functional was first proposed as a variational approach for image denoising and segmentation [5] .
Recently the Mumford-Shah functional has been successfully applied as a regularization method for image reconstruction problems [6] [7] [8] . The SmIR-MS:
where A is the forward operator, Θ is the domain of the measurement, g is the measurement data, α and β are positive regularization parameters. Our JbmIR method is to use the similarity measure in (2) to formulate the following joint reconstruction functional
where τ > 0 is a regularization parameter.
Summing up the terms involving only K 1 and K 2 and reparametrizing with the reuse of the same notations β 1 , β 2 , γ 1 , and γ 2 , (4) can then be written as
In [9] , an extended Mumford-Shah functional with a priori edge information was established for image reconstruction:
where K 0 is the partial information of image edge. By ignoring the accurate values of parameters, we have the joint reconstruction functional in (5)
In [9] , a heuristic Γ-approximation to (6) is proposed,
where 0 ≤ v ≤ 1 and 0 ≤ v 0 ≤ 1 are edge indicator functions for K and K 0 , respectively, i.e., v(x) = 1 if x / ∈ K and v(x) = 0 if x ∈ K. ε controls the "width" of edges. We then propose the following Γ-approximation to the joint reconstruction functional:
In this work we concentrate in studying numerically how the proposed method can help to improve the quality of reconstructed images.
NUMERCIAL EXPERIMENTS OF XCT AND DOT JBMIR
For XCT problem, let u 1 be the distribution of X-ray attenuation coefficient. For DOT problem, we consider a special case of the steady-state situation where we are only interested in recovering the absorption coefficient, denoted by u 2 . The JbmIR of XCT and DOT in this work is to reconstruct the images u 1 and u 2 and the edge indicators v 1 and v 2 simultaneously in an iterative process. This is achieved by minimizing the objective functional (9) with an alternating minimization algorithm in the order of u 1 , v 1 , u 2 and v 2 .
Experimental setting
The computations are done using Matlab. For XCT, the Radon Transformation and the adjoint operator written by Lut Justen from the Software-Documentation of the Center for Industrial Mathematics, University of Bremen are implemented. For DOT, the TOAST++ package [10] is used for the forward operator and the Jacobian matrix of the forward operator. In our numerical experiments 5% relative Gaussian noise is added to the XCT data and 2% relative Gaussian noise is added to the DOT data. The detailed experimental settings can be found in our work on arXiv [11] .
Parameter choosing
In our JbmIR-MS method there are three regularization parameters α i , β i and γ i needed to be chosen properly for each modality. The larger α i is, the smoother the reconstructed image will be when there is not any edge. The larger β i is, the fewer edges will be reconstructed. The effect of the reference edge information increases as the value of γ i increases. For SmIR-MS, the two regularization parameters α and β influence the results in the same way as α i and β i .
For both methods, we first roughly partition the parameter space and compute the SSIM value [12] to find rough-optimal parameters. Then according to the reconstruction results and the discussion above, we then fine-tune the parameters around this rough-optimal choice. If the reconstructed image is too smooth in non-edge area, we will decrease the value of α i . If there are too few edges, we will decrease the value of β i . For JbmIR-MS, If the influence of the reference edge information is too strong, we will slightly decrease the value of γ i . The final parameter settings for every experiment are listed in the description of the numerical results.
Phantom setting
We design two pairs of phantoms of size 100 × 100. The structures are shown in Figure 1 and Figure 2 . For SmIR-MS DOT, we choose α = 1 × 10 5 , β = 5 × 10 −7 . Figure 3 shows the reconstruction results. The image quality of reconstructed u 1 is improved using JbmIR-MS (SSIM from 0.79 to 0.87). For u 2 , it is improved from 0.61 to 0.69. We notice in the JbmIR-MS results that both modalities maintain their own distinct structure and no false structure has been reconstructed.
We also show the reconstructed edge images in Figure 4 . We can find that JbmIR-MS provides clearer edge information than SmIR-MS especially for DOT result.
Example 2
For JbmIR-MS we choose α 1 = 8.8 × 10
3 , β 1 = 1.9 × 10 −3 , γ 1 = 9.8, α 2 = 1 × 10 5 , β 2 = 7 × 10 −5 , γ 2 = 5. For SmIR-MS XCT and DOT, the parameters are the same as in Example 1. The reconstructed results are shown in Figure  5 . The image quality of reconstructed u 1 is improved using JbmIR-MS (SSIM from 0.75 to 0.86). For u 2 , it is improved from 0.61 to 0.70. The improvement in DOT image quality is greater than the first example because there are more similar parts between phantoms of two modalities in this example.
The edge information is shown in Figure 6 . We can see that the edge information obtained from JbmIR-MS is clearer than SmIR-MS. Compare to the edge results in Example 1, the 
DISCUSSION AND CONCLUSION
In this work, we establish an image similarity measure in terms of image edges from Tversky's theory of feature similarity in psychology to solve the DOT and XCT joint reconstruction problem. When applied to JbmIR it will improve the reconstructed image quality and will not force the nonexistent structures to be reconstructed. From the numerical results we can see that since the images from two modalities share similar structure, with proper choice of regularization parameters, our similarity measure is able to help enhancing the image quality of the common features, to remain distinctive features for each modality and not force to reconstruct the nonexistent features when there is noise in the data. However there are a number of parameters needed to be chosen carefully and the current parameter choosing is a trial-error approach.
For more detail literature review, discussion about the numerical experiments and our future work readers can refer to our work on arXiv [11] .
